The relationship between the structural descriptions and osmotic coefficients of binary mixtures containing sixteen different ionic liquids and seven kinds of solvents has been investigated by back propagation artificial neural network (BP ANN). The influence of temperature on the osmotic coefficients was considered and the concentrations of ionic liquids were close to 1 mol kg -1 , except in acetonitrile. Multi linear regression (MLR) was used to choose the variables for the artificial neural network (ANN) model. A three layer BP ANN with seven variables containing structural descriptions of the ionic liquids and the character of the solvent as input variables was developed. Compared with experimental data, the osmotic coefficients calculated using the ANN model had a high squared correlation coefficient (R 2 ) and a low root mean squared error (RMSE).
INTRODUCTION
Ionic liquids (ILs), as a type of widely applied green solvents, have aroused popular interest of academic community. Their excellent properties, such as chemical stability, thermal stability, low vapor pressure, high electronic conductivity, etc. 1 determine the extensive application of ionic liquids in different fields. 2 Currently, ILs have been successfully used in the extraction of bioactive components from natural products 3 and extraction of biological substances, such as proteins, amino acids, DNA, etc. 4 The use of an extraction solvent demands an understanding of its physical chemistry. In these properties, the osmotic coefficient is thought to be very important for the selection of an extraction solvent. 5 Moreover, ionic liquids are thought to be designable solvents because their synthesis is relatively simple. A model that could predict the osmotic coefficients of ionic liquids would aid in the design of new and excellent ionic liquids as extraction solvents. A prediction model that could guide the chemical synthesis of ionic liquids is required by chemists.
Recently, the osmotic coefficients of ionic liquids in some ordinary solvents, such as water, alcohols, benzene, acetonitrile, etc., have been studied by experimental and theoretical methods. [6] [7] [8] However, compared with other physicochemical and related properties of ionic liquids (see Fig. 1 [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] ), theoretical models for estimating the osmotic coefficients of ionic liquids are relatively little researched at present. For aqueous solutions, the osmotic coefficients could be calculated theoretically by the Pitzer equations or by the three-characteristic parameter correlation (TCPC) model. 20 In addition, the earlier and more popular Pitzer model was successfully used to correlate the osmotic coefficients of ionic liquid dissolved in water and acetonitrile. 5, 21 Furthermore, Karimzadeh et al. 19 used Monte Carlo simulations to compute the osmotic coefficient of aqueous solutions of ionic liquids and reviewed computational models in the investigation of binary mixtures containing ionic liquids.
Within the methods concerning the investigation of ionic liquids, the quantitative structure-property relationship (QSPR) model has been widely used in the study of the properties of ILs and was proved to be an ideal method to fit and predict related data. 22 The artificial neural network (ANN) method that is good at predictions is a very important algorithm to develop a QSPR model and was successfully adopted to study the electronic conductivity of ionic liquids in a previous work. 18 In this context, a QSPR model based on the ANN method was set up to correlate the structural characteristics and osmotic coefficients of seven solvents containing sixteen different ionic liquids.
COMPUTATIONAL DETAILS Dataset and descriptors
84 sets of osmotic coefficient data for 16 types of ionic liquids in 7 kinds of solvents (chemical names and acronyms for the ILs are provided as Table I ) at different temperatures were collected from the Ionic Liquid Database 23 and other references. 6, 8, 24, 25 The 3D structural coordinates of ionic liquids were obtained from the Cambridge Structural Database (CSD). 26 To reflect the prediction capability of model, the data points of the same solvent containing the same ionic liquid were not divided into different datasets. The 84 sets of data were divided into three datasets, i.e., a training set, a validation set and a test set containing 46, 24 and 30 % of the total data, respectively (Table II) . The cations and anions of the ionic liquids were optimized using the B3LYP method 27,28 with the 6-31G(d) basis set, respectively. The optimization calculations were performed with the Gaussian03 program 29 and quantum mechanics descriptors, such as energy (E), volume (V), the highest occupied molecular orbital energy (E HOMO ), the lowest unoccupied molecular orbital energy (E LUMO ) of the cations and anions, were considered. The molecular connectivity index, which is thought to be helpful in the investigation of the physical properties, 30 was considered and chi index of zero order ( 0 X), first order ( 1 X) and second order ( 2 X) of the ions were also calculated. All descriptors of the ions are listed in Table III. The solvents were described by their dielectric constant. The osmotic coefficients of ionic liquids are influenced by temperature and their concentration in solvents. In this context, the concentration of ionic liquids was kept close to 1 mol kg -1 , except for acetonitrile, because the osmotic coefficient is much larger in this solvent than in the other solvents and related experimental data are lacking. To predict the osmotic coefficients of ionic liquids at different temperatures, temperature must be considered as a variable in the related models. To decrease the redundancy existing in the descriptor data matrix, the correlation among related descriptors and their correlation with the osmotic coefficient of the ILs were examined and collinear descriptors (i.e., |r| > 0.9) were detected. 31 Among the collinear descriptors, those showing high correlation with the osmotic coefficient were retained and the others were removed from the data matrix. 
Prediction models
The retained descriptors, temperature and concentration were selected as input variables of the multilinear regression model (MLR) model. To decrease the number of input variables for an ANN model, the descriptors usually need to be selected. The MLR model was thought to be a simple selection method that was successfully used in other studies. 18, 32 All the 84 sets of data were used to study the MLR relationship between the descriptors and osmotic coefficients by statistical products and service solutions (SPSS) software. The descriptors contributing the most were selected according to the squared correlation coefficient (R 2 ) of MLR model. The descriptors selected by MLR model were collected as input variables for the back propagation (BP) ANN model. A brief description of the ANN has already been given: 33 "A computational neural network consists of simple processing units called neurons. The strength of the neurons is determined by the weights (adjusted) that are first summed (combined) and then passed through a transfer function to produce the output for that neuron." The BP algorithm means that the determination of the weight change is based on the error of the output unit. The fundamental theory and formulas of BP ANN and transfer functions can be found elsewhere. 33, 34 The experimental data of the osmotic coefficients were the output variable. A three-layer BP ANN model usually used to deal with data was set up. All parameters were first normalized to a scale of 0 to 1 before training, validation or testing to avoid numerical overflows during the ANN processing. The initial weights of the training network and momentum factor were random. Then different transfer functions, learning rates and num-ber of neurons were inputted to calculate the osmotic coefficient of the ILs in the training sets by the BP ANN method. The ANN algorithms were implemented in MATLAB programming language.
RESULTS AND DISCUSSION

Descriptor selected by MLR method
The collected descriptors were the independent variables and the osmotic coefficient was the dependent variable. The good correlations with the experimental osmotic coefficient were selected based on the squared correlation coefficient (R 2 ). After discarding the descriptors without effective influence on the squared correlation coefficient, the model with the least number of descriptors and a high R 2 was developed. The correlation obtained for 84 data points of the osmotic coefficient of the ILs was presented by a seven-parameter equation as follows: 
R 2 = 0.774, F = 37.199, adjusted R 2 = 0.753 Standard error = 0.129 where Y is the predicted osmotic coefficient of the ionic liquids and X 1 to X 7 represent the descriptors of ionic liquids and solvents. The MLR model was developed to predict the osmotic coefficient of the ILs as follows: X 1 is the dielectric constant of the solvents; X 2 is the energy of the cations; X 3 is the anion chi index of second order; X 4 is the temperature; X 5 is the concentration of the ILs in solution; X 6 and X 7 are the energies of the HOMO and LUMO of the anion, respectively.
The root mean squared error (RMSE), which is calculated as below, was used to measure the difference between the actual and the estimated values.
( )
where i represents the i-th sample, y i exp is an experimental value, y i calc is the corresponding value predicted by the model and n is the number of samples in the dataset. 35 The RMSE of the above MLR model was 1.0014, which showed that the calculated osmotic coefficient of the ionic liquids had large deviations from the experimental data. The MLR model to predict the osmotic coefficient of the ionic liquids did not have enough precision to guide in the design of new ionic liquids. However, the descriptors that enabled the MLR model to have high R 2 values in Eq. (1) may be major factors influencing the osmotic coefficient.
To avoid chance correlations, the y-randomization test was applied to the MLR model. The calculation procedure was repeated twenty-five times after shuffling the y vector randomly. The y-randomization results were that the highest R 2 within 25 time-calculations was 0.151, and the average R 2 of 25 time--calculations was 0.077. The low R 2 values suggest minor risk of chance correlations.
BP ANN model
The descriptors selected by the MLR model were used as input variables for the BP ANN model, and the osmotic coefficient was the output variable. A threelayer ANN, which was usually used in QSPR models because of the good prediction capability, was chosen in this study. After optimization for the model several times, the number of neurons in the hidden layers was 7 and the learning rate was 0.06. A tan-sigmoid transfer function within the hidden layer and a linear transfer function within the output layer were selected for the ANN model. Multiple calculations were performed in order to obtain the global best results. Finally, the developed ANN model that achieved the goal of the training set and had good performance for the validation set was selected as the prediction model for the osmotic coefficient of ILs. The test set without contribution in model development steps was calculated to test the prediction capability of the ANN model. The osmotic coefficients calculated by the ANN model are displayed in Fig. 2 . The R 2 of the training set, the validation set and the test set were 0.9733, 0.9478 and 0.9102, respectively. The RMSE of the training set, the validation set and the test set were 0.0428, 0.0658 and 0.0726, respectively. The results in Fig.  2 suggest that the osmotic coefficient calculated by the ANN model were similar to the experiment data. The training set was used to construct the ANN model, the high R 2 and small RMSE suggested that the ANN model was able to fit the osmotic coefficient of ionic liquids. The validation set was used to determine the parameters of the ANN model. The data of test set did not appear in training and validation sets and did not participate in the construction of the ANN model. Thus, the test set could examine the prediction ability of the ANN model. The small RMSE of the test set suggested that the ANN model could be used to predict the osmotic coefficient of ionic liquids.
Variable analysis
The value of the variation inflation factor (VIF), which is thought to reflect the statistic significance of a model, 35 was calculated using the following equation:
where, r is the correlation coefficient of the multiple regression equation between one descriptor and the others. The VIF value of the seven variables employed in the MLR and ANN models were 2.025, 2.532, 3.257, 1.453, 1.748, 4.000 and 1.261, respectively. For each descriptor, its VIF value was less than five, which indicated the model had obvious statistical significance. In the seven variables, except temperature and concentration, the other five variables were dielectric constant of solvents, the energy of cations, the anion chi index of second order, and the energy of the HOMO and LUMO of the anion, respectively. There were three descriptors related with the anion: the chi index belonging to molecular topology information, which affects the combination of atoms in a molecule, and the energies of the HOMO and LUMO, which is related to the reaction activity of molecule. There was only one descriptor of the cation, which affects the stability of ions in the model.
CONCLUSIONS
In this study, an ANN model was established based on MLR analysis to fit and predict the osmotic coefficient of seven solvents containing various ILs at different temperatures. The ANN model with R 2 = 0.9733 and RMSE = 0.0428 for the training set showed its good fitting capability. The predictive capability of the ANN model was proven by R 2 = 0.9102 and RMSE = 0.0726. The selection of the descriptors by the MLR method were investigated and proved by good results. The analysis of the descriptors reflected the model had obvious statistical significance.
